Subjects. Sixty six subjects were recruited at a tertiary medical center after IRB approval of the studies by the 21 Rush University IRB and obtaining verbal and written informed consent. The following groups of subjects were 22
recruited: 23
Alcoholics with liver disease (ALD, n= 19): Inclusion criteria: 1. Fulfill the NIAAA (29) & DSM-IV criteria (2) for 24 alcoholism; 2. Have a regular drinking history of at least 10 years (the minimum time thought to be required for 25 development of liver disease); 3. Presence of clinically significant liver disease as defined by at least one of 26 the following: (i) elevated ALT or AST that is > 1.5 X normal, and either low platelets, low albumin or elevated 27 bilirubin; (ii) clinical evidence of liver disease on the physical exam; (iii) when available, radiological (CT or 28 ultrasound) or histological evidence of liver disease. In order to avoid confounding effects of advanced 29 cirrhosis on bacterial composition, we chose to study only patients with mild liver disease. In fact, the majority 30 of our subjects with ALD had a Child-Pugh class of A (see Table 1 ). Exclusion criteria: 1. Positive for Hepatitis 31 C antibody, hepatitis C RNA, or hepatitis B surface antigen; 2. Evidence of liver disease of another etiology 32 such as autoimmune disease. 33
There are two subgroups within the ALD group: Active alcoholics with liver disease (AA+ALD, n= 8): All 34 criteria for ALD plus actively drinking up to 7 days before sample collection per subject report or other evidence 35 such as clinical records or exam. However, none were drinking 3 days prior to giving consent and signing the 36 consent form to assure that they fully understood the study. Sober alcoholics with liver disease (SA+ALD; n= 37 11): All criteria for ALD plus No alcohol consumption for at least 1 month before sample collection per subject 38 report or other evidence such as clinical records or exam. 39
Alcoholics without liver disease (ALC; n= 29): Inclusion criteria for alcoholism and minimum duration of alcohol 40 consumption were identical to ALD group. Alcoholics were excluded for this group if they had any evidence of 41 liver disease: Specifically, they were excluded if they had alcoholic liver disease as defined in the inclusion 42 criteria for the ALD group. Alcoholics were also excluded if they had any viral or autoimmune liver disease as 43 defined in the exclusion criteria for the ALD group. 44
There are two subgroups within the ALC group: Active alcoholics without liver disease (AA; n= 14) and 45
Sober alcoholics without liver disease (SA; n= 15). Criteria to define actively drinking and sobriety were 46 identical to ALD group.
7
Healthy control group (HC; n= 18): Inclusion criteria: 1. Normal physical exam, no digestive complaints, no 48 known liver disease, normal liver function tests (ALT, AST, bilirubin, alkaline phosphatase, serum albumin), 2. 49
Consumption of no more than a moderate amount of alcohol (NIAAA definition (29) ). Exclusion criteria: 1. Daily 50 drinkers (> 3x / week), 2. Drinking (> 3 drinks per occasion). 51
Additional exclusion criteria for all groups: 1. Use of antibiotics for at least 4 weeks prior to sample collection,2. 52
Unreliable drinking history (to rule out closet drinkers or pretenders), 3. Significant renal impairment (creatinine 53 > 1.2 mg/dL), 4. Diseases that affect GI motility such as scleroderma, insulin-dependent diabetes and/or 54 uncontrolled diabetes (Hgb-A1c>8%), 5. Clinically significant dehydration, clinically detectable ascites or 55 significant peripheral edema, sepsis, 6. Clinically significant cardiac failure, 7. Regular daily use of medications 56 that may affect intestinal permeability such as NSAIDs or intestinal motility (e.g. metoclopramide), 8. Subjects 57 positive for other markers of liver disease such as smooth muscle antibody, hepatitis B surface antigen, 58 hepatitis C antibody or hemochromatosis markers, 9. Subjects with very low platelet count (<80k), 59
uncorrectable prolonged PT (>15 sec), or history of bleeding that preclude biopsies, 10. Asian descent due to 60 the possible confounding effect of a different polymorphism of enzymes involved in alcohol metabolism. 61
Demographic characteristics of the study subjects enrolled in each of the groups are given in Table 1 . Severity 62 of liver disease was graded by the Child-Pugh score (33). 63
From these subjects, the microbiota from the biofilm associated with the gut mucosa (mucosa-64 associated microbiome) was chosen to be analyzed because we have previously shown that the mucosa-65 associated microbiome can be very different from the luminal microbiome (12, 20) . 66 67 Tissue Procurement. A limited and unprepped sigmoidoscopy was performed using Olympus video scopes 68 (Olympus America Inc, Center Valley, PA) for research purposes. During biopsy procurement, we inflated the 69 rectum with air. All subjects had solid stool, therefore there was little covering of the mucosa with mucoid stool 70 itself, and solid chunks of stool were seen in the rectum. Care was taken not to use any suction during 71 advancement of the scope to 20-25 cm from the anal verge. The sterile biopsy forceps was not taken out of the 72 channel of the scope, until an area that is completely clear of stool was seen with clear pink mucosa. Biopsies 73 were taken from the pink mucosa that is not covered with any stool, at the sigmoid colon at about 20-25 cm 74 from the anal verge using a 2.2 mm sterile standard biopsy forceps. All samples were immediately snap frozen 75 8 at the time of collection in liquid nitrogen and were stored in a -80 o C freezer until analysis. 76 
77
Interrogation of intestinal bacteria. We used molecular methods to interrogate and characterize gut 78 microbiome composition in alcoholics. First, we used Length Heterogeneity PCR (LH-PCR) fingerprinting to 79 rapidly survey our samples and standardize the community amplification. We then interrogated the microbial 80 taxa associated with the gut mucosal microbiome using Multitag Pyrosequencing (MTPS) on a subset of the 81 samples (51 of 66 samples) (13). . We used MTPS to interrogate gut mucosal microbiome of all patients with 82 ALD (n= 19); 22 of 28 subjects with ALC; and 10 of 18 healthy subjects. We elected to interrogate all subjects 83 with ALD because, according to our original hypothesis, the alcoholics with liver disease group was our 84 experimental group, while the alcoholics without liver disease group was our control group for alcoholism. We 85 randomly selected samples from HC and ALC groups with approximately 2:1 favoring ALC group over the 86 healthy subject group. The MTPS latter technique allows the rapid sequencing of multiple samples at one time 87 yielding thousands of sequence reads per sample. We chose to interrogate the mucosa-associated 88 microbiome rather than stool because of potentially higher relevance of this to mucosal epithelial function in 89 contrast to the luminal fecal microbiome, which has been postulated to be transient and could be related to 90 dietary factors (30). 91
A) LH-PCR Fingerprint Analysis. LH-PCR fingerprinting was done as previously published (20). 92
Fingerprints were obtained in duplicate or triplicate for each sample. Briefly, total genomic DNA was 93 extracted from tissue using Bio101 kit from MP Biomedicals Inc., Montreal, Quebec as per the 94 manufacturer's instructions. About 10 ng of extracted DNA was amplified by PCR using a fluorescently 95 labeled forward primer 27F (5'-(6FAM) AGAGTTTGATCCTGGCTCA G-3') and unlabeled reverse 96 primer 355R' (5'-GCTGCCTCCCGTAGGAGT-3') that are universal primers for bacteria (21). The LH-97 PCR products were diluted according to their intensity on agarose gel electrophoresis and mixed with 98 ILS-600 size standards (Promega) and HiDi Formamide (Applied Biosystems, Foster City, CA). The 99 diluted samples were then separated on the SCE9610 fluorescent capillary sequencer (Spectrumedix 00 LLC, State College, PA) and processed using the GenoSpectrum™ software package (Spectrumedix 01 LLC, State College, PA). The GenoSpectrum software package deconvolves the fluorescence data 02 and converts it into electropherograms where the peaks of the electropherograms represent PCR 03 9 amplicons representing different species or Operational Taxonomic Units (OTU). The LH-PCR 04 fingerprinting data was then analyzed using a custom PERL script that combines data from several 05 runs, interleaves the various profiles, and normalizes the data. The normalized peak areas were 06 calculated by dividing an individual peak area by the total peak area in that profile. Hence each 07 normalized peak area corresponded to the relative abundance of a specific OTU within the sample. 08
Duplicate or triplicate LH-PCRs were run on each sample and the most consistent profile was selected 09 for further analysis. Peaks constituting less than 1% of the total community from each sample were 10 eliminated from the analysis to remove the variable low abundance components within the 11 communities. We chose threshold of 1% because this value corresponds to the detection limit of the 12 LH-PCR technology as and any peaks less than 1% may not be reproducible. Additionally, an 13 underlying a priori assumption for this filtering is that the low abundance components of the community 14 vary between individual subjects and will not contribute significantly to the functionality of the gut 15 mucosal microbiome (11). We have also used the LH-PCR fingerprinting methodology as a quality 16 control measure to assure that we are linearly amplifying the community so that the resulting sequence 17 analysis accurately represents the community composition as described below. 18
B) Multitag Pyrosequencing (MTPS).
We employed a MTPS process (13) to characterize the 19 microbiome from a subset of the mucosal samples that were used in the LH-PCR analysis. 20 Specifically, we have generated a set of 48 emulsion PCR fusion primers that contain the 454 emulsion 21 PCR linkers and different 7 base "barcode" on either of the 27F or 355R universal 16S rRNA primers. 22
Thus, each mucosal sample was amplified with a uniquely barcoded set of forward and reverse 16S 23 rRNA primers and then up to 48 samples were pooled and subjected to emulsion PCR and 24 pyrosequenced using a GS-FLX pyrosequencer (Roche). Data from each pooled sample were 25 "deconvoluted" by sorting the sequences into bins based on the barcodes using custom PERL scripts. 26
Thus, we were able to normalize each sample by the total number of reads from each barcode. We 27 have noted that ligating tagged primers to PCR amplicons distorts the abundances of the communities 28 and thus it is critical to incorporate the tags during the original amplification step. We therefore used 29 fusion primers during the pyrosequencing reaction and eliminated the ligation step that has been used 30 by others (4 used to analyze the MTPS data (6). Low quality sequences and sequences less than 100 bp were eliminated 36 from the analysis by filtering using custom PERL scripts(28). Operational taxonomic units (OTUs) were picked 37 using uclust (22, 23) at a 97% similarity. Sequences were aligned with PyNAST (5) in the clinical study groups, and to perform median tests, as appropriate. Chi-Square or t-tests were used to 64 detect differences in proportions between groups as appropriate in SAS or SPSS. Metastats was used to 65 compare bacterial groups in the Out and In Groups analysis, with a non-parametric t-test as previously 66 described (37). R-project packages rgl and car were used to generate scatterplots (R-project.org). 67 68 69 12 RESULTS:
Study Subjects. There were no statistically significant differences in terms of age, gender, and race among 72 the three study groups, namely alcoholics without liver disease (ALC), alcoholics with liver disease (ALD), and 73 healthy controls (HC) ( Table 1) . As expected, the estimated cumulative lifetime amount of alcohol intake was 74 significantly higher in both alcoholic subject groups (i.e. ALC and ALD) compared to HC (p<0.001). The 75 duration of drinking was similar among the two groups of alcoholics (p= 0.12). Binge drinking, need for 76 increasing amounts of drinking, and hard liquor drinking were more frequent in the alcoholic subject groups 77 compared to HC ( Table 1) . Most of the subjects with ALD had a Child's-Pugh class of A, compatible with mild 78 cirrhosis -.The total bilirubin, AST, PT, and INR were significantly higher in the ALD group compared to the 79 ALC and HC groups as expected (Table 1) . Albumin, calcium, RBC, and platelet counts were lower in the ALD 80 group ( Table 1 ). The ALT was not significantly different between the groups despite a higher numeric value in 81 the ALD group (p=0.082). As expected, history of GI bleed and blood transfusion and jaundice were more often 82 in the ALD group compared to the ALC and HC groups (Table 1 ). Smoking and history of past drug use was 83 reported more often in both of the alcoholic groups, compared to HCs (Table 1) . Also as expected, alcoholic 84 groups had more diabetic cases, who had mild increases in serum glucose without a significantly elevated 85 hemoglobin A1c (Table 1) . Additionally, serum endotoxin levels were significantly higher in both alcoholic 86 groups compared to healthy controls (p<0.001) ( Figure 1 ). The endotoxin values for all HC subjects were in the 87 first 25% quartile of all the endotoxin values. There was no difference between serum endotoxin levels among 88 the alcoholics with and without liver disease (p=0.419). 89
90

Analysis of Length Heterogeneity-PCR (LH-PCR) Fingerprint Data.
Total DNA was extracted from each of 91 the 66 biopsy samples. The V1 to V2 hypervariable regions of the 16S rRNA were amplified with PCR using 92 universal bacterial primers. This generated PCR products (i.e. amplicons) from all of the bacterial taxa in each 93 sample, which vary in length based on the size of the hypervariable region within the bacteria in a given 94 sample. Each PCR product from each of the samples was then separated using fluorescent capillary 95 electrophoresis, in order to produce an electropherogram consisting of peaks of variable lengths, representing 96
Operational Taxonomic Units (OTUs) or taxa in the sample. The height of each peak on the electropherogram 97 corresponds to the abundance of a particular OTU within the sample. Thus, each electropherogram is a 98 13 fingerprint of the bacterial community within a given sample. Each electropherogram was used to do an 99 initial analysis of the quality of the amplification process and to estimate the community diversity. 00
Fingerprints were analyzed to visualize clustering of the 66 samples using principle coordinates 01 analysis (PCO) with a Bray Curtis distance measure. PCO is an ordination method similar to principal 02 components analysis (PCA) except it uses a distance metric instead of co-variances. The method performs a 03 matrix analysis (i.e. an Eigen analysis) to plot the variance of the data along orthogonal axes or principle 04 components. The first principle component represents the largest amount of variation in the data set, whereas 05 the second principle component represents the next largest measure of the variance. 06 Figure 2 shows the distribution of each case along the first three axes of the PCO in a 3D-scatterplot. 07
The locations for each of the ellipsoids that contain 70% of the cases in the ALC group, the ALD group, and the 08 HC group along the first three PCO axes appeared markedly different among the groups. Specifically, a 09 proportion of alcoholics from both the ALC and ALD groups were located far away from the HC cluster. This 10 finding suggests that a subgroup of subjects with alcoholism (both with and without liver disease) may have 11 altered colonic microbiota composition in comparison to HC. 12 13 Analysis of MTPS Data. To identify the specific bacterial taxa that were implicated in the dysbiotic bacterial 14 communities in alcoholics, we performed MTPS on 51 of the 66 sigmoid mucosa samples from HC (n=10), 15 ALC (n=22), and ALD (n=19). We obtained 111,174 raw reads from two GS FLX pyrosequencing runs, and 16 identified the appropriate tags in 105,207 of these reads. Low quality sequences below read lengths of 100 bp 17 were filtered out, leaving 80,121 total reads that were analyzed. The filtered reads had an average read of 18 1571 per sample and an average read length of 243 bps. Negative controls did not demonstrate contamination 19 during the pyrosequencing process. 20
Beta diversity analyses:
Beta diversity is the measure of change in diversity between samples across 21 environmental gradients (38). In our case, it reflects the changes in bacterial composition between different 22 levels of alcohol exposure and disease in the clinical study groups, i.e. it reflects Shifts in the microbial 23 community compoistion with exposure to alcohol. Various metrics can be used to determine differences in 24 bacterial composition between the clinical study groups. These metrics can be based on mathematical 25 distances such as a Euclidian distance or a Bray Curtis distance. Alternatively, these metrics could measure 26 14 the topology of a phylogenetic tree (Unifrac distance) constructed using the samples. We have used both 27 methods to analyze our data. 28 29
A) Taxa Abundance Analysis: 30
Taxa present in each sample were tabulated according to the RDP10 bacterial sequence database 31 using a naive Bayesian classifier. The samples were then ordinate using PCO for clustering, i.e. for the 32 presence of dysbiosis. Figure 3 depicts the PCO analysis of the relative abundance of each bacterial taxa in a 33 sample at the class level. A cluster of subjects with a similar microbiome composition has been denoted by a 34 circle in Figure 3 and is referred to as the non-dysbiotic group. The rest of the samples located outside of this 35 circle represent the cases that have a dysbiotic microbiome composition and have been denoted as the 36 dysbiotic group. As shown in the PCO graph, using this definition, not all subjects with alcoholism or liver 37 disease were dysbiotic, but there were 13 cases identified as dysbiotic. Furthermore, most of the HCs were 38 clustered closer to each other compared to the alcoholics. It also appears that the microbiome composition 39 (i.e. taxa and their abundance) was primarily altered in alcoholics when they were compared to HC: None of 40 the healthy subjects (blue dots) (0/10) were outside the core cluster (i.e. are not dysbiotic), while 8/22 (36.7%) 41 ALD subjects (magenta dots) and 5/19 (26.3%) of ALC subjects (green dots) were dysbiotic. However, PCO 42 analysis did not show a visual differential clustering between subjects with liver disease compared to those 43 without liver disease, even though more of the dysbiotic cases were from the ALD group. Similarly, the sober 44 and active alcoholics did not differentially cluster in the graph. 45 46 B) Unifrac Based Analysis: 47 Secondly, differences between the study groups in the sequence data was analyzed using weighted 48
Unifrac analysis. Unifrac analysis examines the relationships within the studied cases based on their distances 49 from each other in a phylogenetic tree. The sequences were first clustered into OTUs and then assigned 50 taxonomic ID and a neighbor joining tree was generated as described in the methods. Overall Unifrac p-test 51 for the entire sample set was performed on FastUnifrac (16) indicating significant clustering of the sample class 52 within the phylogenetic tree (p=0.001). A PCO analysis using weighted Unifrac distances between cases 53 (Figure 4) demonstrates that the 70% ellipsoid for the HC group appears different than the corresponding 54 15 ellipsoids for both the ALC and ALD groups, although there is some overlap. When individual cases are 55 examined in Figure 5 (shown at a different three dimensional angle for further clarity), about 25% of the 56 alcoholic cases (11/41) (that are denoted by two separate circles) lie away from the main cluster of cases. 57
Whether these eleven cases show a continuum of change away from healthy controls needs to be 58 further evaluated. The dysbiotic cases were almost equally distributed among the ALC and ALD groups, 59 indicating no apparent difference by liver disease status. In secondary comparisons, sobriety status did not 60 clearly differentiate the dysbiotic cases from the rest (Figure 6 ), neither did serum endotoxin value quartiles 61 (Figure 7) . 62
In summary, both the taxa abundance and Unifrac based beta diversity analyses show that a subset of 63 alcoholics is dysbiotic. Below, we study the differences in individual bacterial taxa in the clinically defined 64 groups, as well as groups defined by the above analyses: 65 66
Differences between individual bacterial taxa: 67
A) Differences between taxa in the clinically defined study groups: 68
The majority (99.9%) of the sequences found in the dataset were classified as bacteria, with <0.01% of 69 the sequences classified as archaea or other. The minor differences among the study groups (HC vs ALC vs 70 ALD) in archaea or unclassified sequences were not statistically significant. At the phylum level, the sequences 71 seen were typical of gut microbiota ( Figure -8 ) and there were no differences between the clinically defined 72 study groups at this taxonomic level. At the family level, as shown in figure -9, the mean abundance of 73
Bacteroidacea from Bacteroidetes was decreased in the alcoholic groups compared to the healthy controls and 74 the groups were statistically significantly different (p= 0.035, Kruskal-Wallis). When taxa that had an 75 abundance >1% were examined only, there were no other major differences between the study groups. 76 B) Differences between the bacterial taxa observed in dysbiotic and non-dysbiotic cases: 77
The community composition of the dysbiotic and non-dysbiotic groups appeared different regardless of 78 the methodology used to identify dysbiotic cases: In fact, eleven cases were identified as dysbiotic in both of 79 the beta diversity analysis methods (namely, visual examination of the ordination by PCO; and weighted 80 Unifrac analysis). The eleven cases denoted as dysbiotic by both of these ordination methods were then used 81 to identify the differences between bacterial taxa in the dysbiotic and non-dysbiotic groups. We compared the 82 16 11 dysbiotic cases to the non-dysbiotic ones at the class level using the Metastats statistical analysis (37). 83
Results are shown in table 2. At the class level, there was a uniform reduction of Bacteroidetes in the dysbiotic 84 cases. Other major differences included decreases in Clostridia, and increases in Bacilli and 85
Gammaprotoebacteria in the dysbiotic group compared to the non-dysbiotic group (Figure 10 )In fact, when the 86 cases were ordered at the phyla level in terms of their Bacteroidetes abundance, all of the eleven dysbiotic 87 cases were seen to cluster at the lower Bacteroidetes abundance end of the graph (Figure 11) .Therefore, the 88 community composition of the dysbiotic cases is very different from those within the non-dysbiotic cases 89
suggesting an overall disarray of the gut bacterial microbiome in the dysbiotic cases. 90 91
Network analysis: 92
Network analysis analyzes the asymmetric relationships between discrete entities in complex models. 93
This form of analysis has recently been used to investigate the ecological relationships between bacterial 94 components in the vaginal microbiome (10). We have previously modeled undirected unweighted networks for 95 each of the five patient classes to represent the potential correlations between the different phylotypes within 96 patient groups (28). In this network model, the identified bacterial phylotypes are represented by a set of 97 vertices V or nodes. An edge E i,j exists between two given vertices V i and V j if both phylotypes are found 98 together in the sample above the mean for that phylotype in all samples of a class. These network models are 99 visualized in the Cytoscape (5) software package. The number of edges i.e. the number of connections for 00 each node is considered the degree of a node. The degree of the node is then rank ordered and plotted as 01 either a connectivity plot (Figure 12 ) or a cumulative distribution function (CDF) (Figure 16 ). In Figure 15 , we 02 observed different connectivity between the dysbiotic and the non-dysbiotic groups both of which were defined 03 in Figure5. The dysbiotic (red line) had lower connectivity compared to the non-dysbiotic (blue line). 04
There was also a different connectivity between the "Healthy", "Sober alcoholic", and "Active alcoholic" 05 classes ( Figure 13 ). CDF plots of the subclasses indicate that healthy subjects (HC, blue line) have the 06 highest connectivity while the actively drinking alcoholics (black line) have the lowest. The sober alcoholics 07 (red line) have intermediate connectivity. Interestingly, the presence of ALD is not correlated with connectivity 08 in this dataset as described in detail previously (28). Therefore, the effects of alcohol alone (in shaping the 09 17 types of organisms that are associated with the colonic mucosa) appear to be more predominant than the 10 effects seen with liver disease. 11 12
Correlation of Clinical Features with Dysbiosis: 13
Because there was a significant difference between the composition of the microbiome in our dysbiotic 14 cases , we then investigated whether this difference could be correlated with clinical features. Specifically, we 15 looked for clinical differences that could possibly explain the dysbiotic subset of cases: 16
When the dysbiotic cases were compared to the non-dysbiotic cases, there was no difference in age, 17 gender, ethnicity, BMI, or recruitment site. The dysbiotic cases had a higher frequency of diabetes (45% vs 3% 18 in the dysbiotic vs. non-dysbiotics respectively; p=0.001). There was also a higher mean hemoglobin A1c value 19 in the dysbiotics compatible with mild diabetes (HgbA1c = 6.0 (range = 5.3-6.7) in dysbiotics vs. HgbA1c = 5.5 20 (range :4.7, 6.0) in non-dysbiotics (p = 0.009)). This result also corresponds to the observation that there is a 21 higher incidence of mild diabetes in subjects who are heavy drinkers in other studies. The bowel movement 22 frequency in the dysbiotic and non-dysbiotics were similar (p>0.05). The symptom scales for diarrhea, gas, 23 bloating were not significantly different in the dysbiotic and non-dysbiotic cases (p>0.05) suggesting that it is 24 unlikely that the cause of bacterial composition changes in colonic biopsies of these subjects could be exocrine 25 pancreatic insufficiency or small intestinal bacterial overgrowth. However, reflux symptoms were more common 26 among the dysbiotic subjects (36% vs 8% in the dysbiotic vs. non-dysbiotics respectively; p=0.034). There 27 was a higher frequency of diuretic use among the dysbiotics vs. the non-dysbiotics (50% vs 17% in the 28 dysbiotic vs. non-dysbiotics respectively; p=0.043; 50%). Dysbiotic cases also had a lower mean serum 29 chloride level (102 mmol/L vs 104 mmol/L in the dysbiotic vs. non-dysbiotics respectively; p=0.048) and a 30 higher red cell distribution width (15% vs 13.8% in the dysbiotic vs. non-dysbiotics respectively; p=0.015). 31
Otherwise, there was no difference in co-morbitidies, medication use, gastrointestinal symptoms, smoking 32 history, family history including the family history of alcoholism, use of illicit drugs, smoking, employment, 33 education level, type of drinking behavior ( binge drinking vs. weekend drinking vs. daily drinking), type of 34 EtOH consumed (beer vs. wine vs. hard liquor) or parameters typically measured in a complete blood count 35 and metabolic panel such as hemoglobin, platelet count, renal function tests or liver AST, ALT, total bilirubin 36 and AP levels. In a limited group of subjects, dietary data was available (n=19 for total group; n=6 in HC; n=6 37 for ALC; n=7 for ALD groups). Adjusted percent energy from fiber and adjusted percent energy from fat in 38 the diet, and adjusted percent energy from fruits and vegetables were not different between the dysbiotic and 39 non-dysbiotic cases (all p>0.05). 40 41 42
Correlation of Serum Endotoxin with Dysbiosis. 43
Canonical Correspondence Analysis (CCA) is a multivariate direct gradient analysis method used in 44 ecology. In CCA, the bacterial data are directly related to one or more environmental variables. The CCA is 45 similar to the PCO analysis in that it first clusters the data based on the taxa composition but performs a 46 constrained ordination using environmental factors to determine how the microbiome data is distributed along 47 the environmental gradients. In our case, we wanted to visualize if the cases distributed along low to high 48 endotoxin values (the environmental gradient). Canonical Correspondence Analysis (CCA) was performed on 49 a subset of the MTPS samples (41 subjects) that had endotoxin level measurements on the day of mucosal 50 biopsy ( Figure 17 Alcohol consumption could be a major factor influencing the gut microbiome composition and function 66 and in turn, the gut microbiome can have a profound impact on alcohol metabolism as well as the metabolic 67 and biological effects of alcohol in the body. However, the data on the effect of alcohol on the gut microbiome 68 in humans is very limited. To the best of our knowledge, this study represents a first attempt at showing 69 changes in the gut microbiome in human alcoholics using non-culture methodologies. Using a variety of state 70 of the art analysis methods, we show that chronic alcohol consumption is associated with altered dysbiotic 71 microbiota composition in a subset of alcoholics. We report that the alcoholics with dysbiosis had lower median 72 abundances of Bacteroidetes and higher ones of Proteobacteria. When the study subjects are examined 73 according to study group, the alcoholic groups had a reduction in abundance of Bacteroidecae. 74
In this dataset, there was no correlation between the duration of sobriety and the presence of dysbiosis 75
suggesting that the effects of chronic alcohol consumption are not temporary but rather long-lasting; a subset 76 of both actively drinking and sober alcoholics had dysbiotic mucosal associated microbiota. There was a higher 77 frequency of mild diabetes in our dysbiotic subjects. This could be due to the well described higher frequency 78 of mild diabetes in subjects with heavy alcohol use and may simply be reflective of the subject population (35). 79 Alternatively, it is also possible that mild diabetes could alter the colonic microbiota composition directly. There 80 were no clinical symptoms of pancreatic exocrine deficiency or small intestinal bacterial overgrowth in these 81 subjects, to suggest an indirect effect of diabetes on bacterial composition. We suggest that future cross-82 sectional studies in alcoholics should match for the presence of mild diabetes between cases and controls, or 83 make adjustments to the study design as appropriate. Between the dysbiotic and non-dysbiotic subjects, there 84 was higher frequency of diuretic use, suggesting more cirrhotic cases were among the dysbiotics, although 85 none of our patients had decompensated cirrhosis with ascites. Reflux symptoms were more common among 86 dysbiotics: This suggests larger amounts of alcohol consumption immediately prior to sample collection among 87 the dysbiotics leading to UGI tract symptoms, even though cumulative lifetime alcohol intake and the type of 88 alcohol consumed were not different. Red cell distribution width was also slightly higher in the dysbiotics, which 89 perhaps may suggest acute alcohol intake among the dysbiotics. There were no significant differences in other 90 clinical metadata such as BMI (which has been shown to correlate with microbiota composition in other 91 studies), or dietary fat and fiber intake suggesting the microbiota changes observed in the dysbiotic group are 92 20 not simply due to the effects of a confounder. However, dietary assessments were performed in a very 93 limited subset of our cases, and should be performed in all subjects going forward. 94
Our inability to detect clearer differences between alcoholics with and without liver disease might be 95 due to several reasons. First, the differences seen in mucosa associated bacterial composition in our dataset 96 appear to be most evident when healthy subjects are compared to those with alcoholism. This suggests that 97 chronic alcohol consumption, rather than liver disease, is the most important event that appears to alter 98 microbiota composition. Second, the number of subjects in the current study may have been sufficient to 99 identify the gross microbiome disruptions that are related to alcoholism itself compared to the healthy state, but 00 the microbiome changes in subjects with liver disease may be more subtle and require a larger sample size, 01 more in depth reads and/or alternative analytical methods. Third, there may have been a clear correlation 02 between dysbiotic microbiota and the specific phase of liver disease (steatohepatitis, liver fibrosis, cirrhosis) 03 which would have been missed by our current analysis, because of the lack of liver biopsies to identify different 04 phases of liver disease and relatively small number of cases expected for each liver disease phase in this 05 study. Lastly, we acknowledge that our method of classifying ALD is based on clinical/biochemical and 06 radiological criteria and not based on the histology. Therefore, despite all the measures that we have taken to 07 ensure accurate classification of subjects using validated instruments and definitions, it is certainly possible 08 that some subjects that are denoted as merely having alcoholism could have cryptic presence of histological 09 fibrosis without any clinical or biochemical abnormalities. However, this confounding factor cannot be 10 eliminated fully, because, routine liver biopsy in alcoholics is not the standard of care and in most alcoholic 11 cases liver biopsy is not clinically indicated and thus was not ethical to perform. 12
Other limitations of our study included the use mucosal biopsy samples; in this first study, we 13 hypothesized that mucosal bacterial communities would be the most relevant to study due to their spatial 14 proximity to the epithelial cells in the gut mucosa. However, future studies could also consider the use of fecal 15 specimens, where a significant portion of alcohol metabolism may also be taking place. Furthermore, it is 16 important to note that none of our subjects were actively drinking the day of sample procurement, because we 17 needed to obtain valid informed consent. We did not measure alcohol levels prior to sample acquisition, and 18 alcohol intake was based on self report of drinking. However, there was no incentive for the subjects to 19 intentionally alter their reporting of alcohol intake since we were recruiting both healthy subjects and alcoholics. 20 A recent study of the fecal microbiome of subjects with cirrhosis demonstrated similar findings to our 21 study, showing a reduction in the Bacteroidetes and an increase in Proteobacteria (especially 22 Gammaproteobacteria class) compared to healthy controls (7). Additionally in this study, Fusobacteria were 23 also enriched in the cirrhotic group. The etiology of cirrhosis was mostly hepatitis B-related, although a limited 24 number of cirrhotics with alcohol-related-cirrhosis were also included. In this study, alcoholic cirrhotics had 25 more Prevotellaceae at the family level (7). However, alcohol consumption of all the subjects was not 26
reported. Therefore it is unclear whether the effects observed are due to cirrhosis or alcoholism. Furthermore, 27 a subset of cirrhotic patients did overlap with controls similar suggesting not all cirrhotics are dysbiotic. These 28 findings in conjunction with ours suggest that there are both phyla level and family level differences in subjects 29 with alcoholism. 30
Dysbiosis of the gut microbiome that results in more pro-inflammatory/ pathogenic bacteria could be 31 clinically relevant in alcoholics in general and in patients with alcoholic liver disease because: (1) gut-derived 32 bacteremia and sepsis are common in alcoholics and in particular among those with ALD; (2) gut leakiness 33 and consequently increased translocation of microbiota and bacterial products from the gut lumen to the 34 circulation has been well described in alcoholics (31) and in an animal model of alcoholic steatohepatitis (25); 35 and (3) manipulation of the gut microbiome in an effort to increase the intestinal content of lactic acid-type 36 bacteria at the expense of other potentially more pathogenic species may ameliorate liver dysfunction in 37 cirrhotics (9, 24). Since intestinal microbiota can affect intestinal epithelial cell function and intestinal barrier 38 integrity (17), it is certainly plausible that mucosa-associated dysbiotic microbiota can contribute to gut 39 leakiness in alcoholics and in particular in sober alcoholics where there is no longer direct toxic effects of 40 alcohol on epithelial cells. Therefore, it is not surprising that many investigators have proposed that the gut 41 microbiome, in addition to its role in the pathogenesis of overt infective episodes and sepsis, can also 42 contribute to the pro-inflammatory state of cirrhosis even in the absence of infection (32). 43
Changes in microbial function, rather than abundance, may also lead to increased levels of gut derived 44 pro-inflammatory factors such as endotoxin. For example, there may be correlated sets of bacterial groups that 45 differ taxonomically but are functionally equivalent and such a set may differ from individual to individual. One 46 can infer that the network analysis essentially reflects the biological relevance of such patterns in bacterial 47 groups (or patterns of metabolic capacity) that coexist together in each particular ecological environment (i.e. 48 20.
Komanduri S, Gillevet PM, Sikaroodi M, Mutlu E, and Keshavarzian A. Dysbiosis in pouchitis: 79 evidence of unique microfloral patterns in pouch inflammation. Clin Gastroenterol In the stacked histogram, the y axis shows the % abundance of the four most abundant phyla for each study 88 subject and the x axis labels show the group for the study subject. SA denotes a subject who was a sober 89 alcoholic without liver disease; SA+ALD denotes a subject who was a sober alcoholic with liver disease; AA 90 denotes a subject who was an active alcoholic without liver disease; AA+ALD denotes a subject who was an 91 active alcoholic with liver disease. HC denotes the subjects in the healthy control group. The abundance of the 92
Bacteroidetes phylum in each subject was rank ordered and graphed in order of rising percent abundance. 93
Bacteroidetes is denoted by the yellow portion of the bars for each subject. In this stacked histogram, the other 94 most abundant taxa in each subject are color coded as follow: Actinobacteria phylum (green) ; Firmicutes 95 phylum (red); Proteobacteria phylum(blue); Archea (pink); All other sequences (brown). A rise in the 96
Bacteroidetes phylum abundance is seen at about the 30% level. The thirteen samples that had the lowest 97 abundance in the Bacteroidetes phylum were considered dysbiotic and have been marked at the left lower 98 corner of the graph. 99 00 Figure 12 : Connectivity plot of dysbiotic and non-dysbiotic groups from network analysis. Each taxa is 01
represented as a node in complex graph and an edge is made between two nodes if they are present in the 02 same class and above a defined threshold. We then compared network topologies. We present the 03 connectivity plot by node (taxa) for the two defined categories. 04 05 Figure 13 : Cumulative distribution function plot of subject classes from network analysis. Each taxa is 06
represented as a node in complex graph and a connection is made between two nodes if they are present in 07 the same class and above a defined threshold. We then compared network topologies. We present the 08 cumulative distribution (CDF) of the degree distributions per node (taxa) for the three defined categories. 
